In order to identify various kinds of combined power quality disturbances, the singular value decomposition (SVD) and the improved total least squares-estimation of signal parameters via rotational invariance techniques (TLS-ESPRIT) are combined as the basis of disturbance identification in this paper. SVD is applied to identify the catastrophe points of disturbance intervals, based on which the disturbance intervals are segmented. Then the improved TLS-ESPRIT optimized by singular value norm method is used to analyze each data segment, and extract the amplitude, frequency, attenuation coefficient and initial phase of various kinds of disturbances. Multi-group combined disturbance test signals are constructed by MATLAB and the proposed method is also tested by the measured data of IEEE Power and Energy Society (PES) Database. The test results show that the new method proposed has a relatively higher accuracy than conventional TLS-ESPRIT, which could be used in the identification of measured data.
Introduction
With the switching-in of lots of non-linear and impact loads and the mass application of power electronic equipment, the power quality of distribution networks is becoming increasingly serious in recent years [1] . A single disturbance source could trigger a series of complex disturbances because of the increasing complexity of the grid [2] . Therefore, the accurate detection and recognition of power quality disturbances would be very helpful in the comprehension, evaluation and control of various kinds of power quality disturbances in power systems [3] .
Nowadays, the ways to analyze power quality disturbances mainly focus on nonparametric methods and parametric methods. Nonparametric methods mainly rely on empirical mode decomposition (EMD) [4] , short-time Fourier transform (STFT) [5] , wavelet transform (WT) [6] , and S-transform (ST) [7] as the way of feature extraction, and rely on neutral network (NN) [8] , support vector machine (SVM) [9] , decision tree (DT) [10] , and fuzzy logic (FL) [11] as the disturbance classifiers. As to nonparametric methods, the upper limit of the disturbances classification accuracy is determined by the selected features, and the extent classification accuracy approximating upper limit is determined by the classifier. The application of nonparametric methods is slightly more difficult
Parameters Identification by TLS-ESPRIT

TLS-ESPRIT
The sampling signal x(n) is supposed to be expressed by a group of attenuating sinusoidal component and white noise, as shown in (1):
where α i = a i 2 e jφ i , z i = e (−ξ i +jω i )∆t , ∆t is sampling interval, M is 2 times of p, which is the number of actual attenuating sinusoidal component. α i , ξ i , ω i , ϕ i are the amplitude, attenuation coefficient, angular frequency and initial phase of the ith attenuating sinusoidal component respectively. w(n) is the signal of white noise. The specific calculation flow is shown in [25] .
Parameter Configuration
Model Order
The incorrect model order severely affects the parameter estimation by the subspace-based methods, as mentioned in [26] . Noise subspace is separated according to the singular value norm [27] as follows:
where σ i is the singular value of Hankel matrix for x(n). L is the number of columns in the Hankel matrix. When i changes from 1 to L + 1, K i increases monotonously and gradually approaching 1. When:
all of the main information of original signal has been covered by the former i components, the rest components are detail information. Threshold µ is selected to be 0.995 based on a great deal of experimental verifies.
The Value of L
As to the value of L, in [28] , it has been verified that the value of L plays an important role in suppressing noise interference. In this paper, er is assigned to the evaluation index which is the absolute value of relative error as shown in Equation (4), wherex is the fitted value, x is actual value:
Considering both the timeliness of arithmetic and the identification precision of parameters, L is determined to be 3N/10.
The Minimum of N (1) Rule 1
According to [25] , it can be observed that V is a (L + 1) × (L + 1) orthogonal matrix, and V 1 is a (L + 1) × M subspace matrix of V, therefore:
The proper value of L is 3N/10, therefore:
In order to ensure a safe margin in actual application, the number of actual disturbance components is determined to be its maximum p max = 10, namely M max = 20. Thus, N should be greater than 64.
(2) Rule 2
In order to verify the influence of sampling frequency and the number of cycles for test signal on fitting accuracy, this test signal is adopted as:
x(n) = e −2n∆t cos(100πn∆t + π/3) + w(n)n = 0, 1, . . . , f samp 50 × α,
where α is the number of cycles, value range is [0. 1, 10] , f samp is the sampling frequency, value range is [1000, 6400], w(n) is the white noise, and SNR = 30 dB. Besides the relative error, reconstruction SNR is proposed to evaluate the similarities between fitting result and the actual signal:
It can be seen from Figure 1 that the influence of sampling frequency is far less than the number of cycles. In addition, when lg(α) > −0.3, namely α > 0.5, the fitting errors of each parameter are low, and SNR rec > 40 dB. Thus:
In conclusion, the minimum of N is assigned to be the bigger one based on the proposed two rules. 
It can be seen from Figure 1 that the influence of sampling frequency is far less than the number of cycles. In addition, when lg(α) > −0.3, namely α > 0.5, the fitting errors of each parameter are low, and SNRrec > 40 dB. Thus:
Disturbance Location by SVD
Deficiency of TLS-ESPRIT
When the sequence has time-varying characteristics, namely the interval contains components with different starting and ending time, the error of order selection and parameter estimation will fluctuate along with its time-varying characteristics.
As shown in Equation (10), a group of test signals are constructed to simulate the time-varying component (150 Hz) accounting for different proportions in sequence, the sampling frequency is 6.4 kHz: 
It can be seen from Figure 2a that, when the length of time-varying component is 30 samples, the singular value norm method detects that the signal contains two different modes. Therefore, the boundary can be determined as 30, and the corresponding er graphs are draw in Figure 2b 
Disturbance Location by SVD
Deficiency of TLS-ESPRIT
As shown in Equation (10), a group of test signals are constructed to simulate the time-varying component (150 Hz) accounting for different proportions in sequence, the sampling frequency is 6.4 kHz:
It can be seen from Figure 2a that, when the length of time-varying component is 30 samples, the singular value norm method detects that the signal contains two different modes. Therefore, the boundary can be determined as 30, and the corresponding er graphs are draw in Figure 2b ,c. It is clear that when all components have the same starting and ending time, the fitting errors are the lowest. In summary, the locating of the disturbance at the beginning and ending time for parameters fitting is essential. Thus, a method based on SVD is proposed in Section 3.2 [29] .
Disturbance Location by SVD
The Hankel is constructed matrix by the original signal x(n) as (11):
(
where N is the length of the signal and L is the beam parameter.
SVD is performed on the constructed matrix as Equation (12):
where
The above formula can be expanded as:
Each component can be represented as:
Furthermore: It is clear that when all components have the same starting and ending time, the fitting errors are the lowest. In summary, the locating of the disturbance at the beginning and ending time for parameters fitting is essential. Thus, a method based on SVD is proposed in Section 3.2 [29] .
where N is the length of the signal and L is the beam parameter. SVD is performed on the constructed matrix as Equation (12):
Furthermore:
Equation (16) can be obtained by connecting the end of first row to the head of last column:
It is easy to prove that:
From P 1 to P m are the main components, the abrupt information and the noise of original signal respectively. Simulation results show that when the value of L is large, the abrupt information is aliased with the main component. On the contrary, the abrupt information is aliased with the noise. Experimental results show that the decomposition is reasonable when L ranges from 15 to 30. Therefore, L is assigned as 20.
Singular value norm method is still used in this section to do discrimination, and the division basis is shown in Figure 3 . Figure 3 is the simulation diagram of complex disturbance with oscillation and voltage flicker, the test function is shown as:
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Singular value norm method is still used in this section to do discrimination, and the division basis is shown in Figure 3 . Figure 3 is the simulation diagram of complex disturbance with oscillation and voltage flicker, the test function is shown as: x n n t u n u n n t e u n u n n t u n u n n t It can be seen from the singular value norm in Figure 3 that the norm has exceeded the threshold 0.995 in the fourth layer. Therefore, the first four layers are the main signal components. Figure 3a is the waveform of P1, which has geometric similarity with the original signal. The remaining layers are abrupt information and noise, Figure 3b is the waveform of P5, and the locations of four catastrophe points are very clear. Figure 3d is the waveform of P20, which can be considered as white noise. After It can be seen from the singular value norm in Figure 3 that the norm has exceeded the threshold 0.995 in the fourth layer. Therefore, the first four layers are the main signal components. Figure 3a is the waveform of P 1 , which has geometric similarity with the original signal. The remaining layers are abrupt information and noise, Figure 3b is the waveform of P 5 , and the locations of four catastrophe points are very clear. Figure 3d is the waveform of P 20 , which can be considered as white noise. After the locating of abrupt information is completed, the data between the catastrophe points are extracted, and the algorithm flow is shown in Figure 4 . 
Simulations and Results
According to [29] , power quality disturbances are divided into voltage sag, voltage swell, voltage interruptions, harmonics, transient pulse, interharmonics, voltage fluctuation, transient oscillation, frequency offset, voltage notches, voltage unbalance, DC offset, and noise. In this paper, MATLAB is used to simulate the combined disturbance, and the sampling frequency of simulation signal is 6.4 kHz, the signal-to-noise ratio is 30 dB. The proposed method are also validated by the measured data of IEEE PES Database [31].
Test Signal Constructed by MATLAB
Oscillation + Flicker
The test signal of the complex disturbance of oscillation and voltage flicker is shown in Equation (18) . The disturbance interval is [101, 1621] . The data from half cycle before the starting time to the half cycle after the ending time of the disturbance signal are intercepted to identify catastrophe point, as shown in Figure 5 . 
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According to [30] , power quality disturbances are divided into voltage sag, voltage swell, voltage interruptions, harmonics, transient pulse, interharmonics, voltage fluctuation, transient oscillation, frequency offset, voltage notches, voltage unbalance, DC offset, and noise. In this paper, MATLAB is used to simulate the combined disturbance, and the sampling frequency of simulation signal is 6.4 kHz, the signal-to-noise ratio is 30 dB. The proposed method are also validated by the measured data of IEEE PES Database [31].
Test Signal Constructed by MATLAB
Oscillation + Flicker
The test signal of the complex disturbance of oscillation and voltage flicker is shown in Equation (18) . The disturbance interval is [101, 1621] . The data from half cycle before the starting time to the half cycle after the ending time of the disturbance signal are intercepted to identify catastrophe point, as shown in Figure 5 . From the singular value norm, it can be observed that the catastrophe point information exists in P5. The catastrophe points are 101, 387, 902 and 1621, respectively, which differ little from the actual catastrophe points. The disturbance is divided according to the above-mentioned catastrophe points, and parameters are extracted from each interval. The orders of the intervals are 4, 8 and 6 respectively and the results are shown in Table 1 . Table 1 , it can be found that 500 Hz oscillation occurred in the first interval. By the 40 Hz and 60 Hz components and Equation (19) , it can be judged that the disturbance intervals are also mixed with 10 Hz voltage flicker, whose amplitude is about 0.5021: Table 2 are the relative errors of each parameter for the disturbance described by Equation (18) using the proposed method, the TLS-ESPRIT with order of 8, and the Prony method with order of 8 respectively. Figure 6 shows the source disturbance with the reconstructed signals using three different methods mentioned above. As can be seen from the table, the recognition errors based on the Prony method are largest. Two components are not identified at all. The TLS ESPRIT-while recognizing all four kinds of component, but only the identification accuracy of 50 Hz component is higher, just because it is the main component of the signal and owns a weaker non-stationary property. It is obvious that the proposed method has the best performance on disturbance identification. From the singular value norm, it can be observed that the catastrophe point information exists in P 5 . The catastrophe points are 101, 387, 902 and 1621, respectively, which differ little from the actual catastrophe points. The disturbance is divided according to the above-mentioned catastrophe points, and parameters are extracted from each interval. The orders of the intervals are 4, 8 and 6 respectively and the results are shown in Table 1 . Table 1 , it can be found that 500 Hz oscillation occurred in the first interval. By the 40 Hz and 60 Hz components and Equation (19) , it can be judged that the disturbance intervals are also mixed with 10 Hz voltage flicker, whose amplitude is about 0.5021: Table 2 are the relative errors of each parameter for the disturbance described by Equation (18) using the proposed method, the TLS-ESPRIT with order of 8, and the Prony method with order of 8 respectively. Figure 6 shows the source disturbance with the reconstructed signals using three different methods mentioned above. As can be seen from the table, the recognition errors based on the Prony method are largest. Two components are not identified at all. The TLS ESPRIT-while recognizing all four kinds of component, but only the identification accuracy of 50 Hz component is higher, just because it is the main component of the signal and owns a weaker non-stationary property. It is obvious that the proposed method has the best performance on disturbance identification. The least error is marked in bold. * means absolute error. M1: the proposed method, M2: TLS-ESPRIT method, M3: Prony method.
Harmonic + Sag with Phase Jump
The multiple disturbance power signal, which consists of 3th harmonic, 5th harmonic and voltage sag with phase jump, is constructed by MATLAB as shown in Equation (20) 
x n n t u n u n n t u n u n n t u n u n n t u n u n (20) The disturbance interval is [321, 1780] . Theabrupt information exists in P5 as shown in Figure 7 , and the catastrophe points are 321, 465, 743, 1240, 1501 and 1780, respectively. Intervals are divided based on the above points, and the model orders are 4, 6, 6, 4 and 2, respectively. The parameters are extracted from each interval and the results are shown in Table 3 . From the data in Table 3 , it can be seen that the disturbances contain 3th harmonic, 5th harmonic and voltage sag. According to the phase parameter between [466, 743] and [744, 1242] , the voltage sag is accompanied by a 0.1702π rad phase jump. Table 4 lists the relative errors of each parameter for the disturbance described by Equation (20) using three different methods. Similarly, because of the non-stationary property of the signal, the TLS-ESPRIT and Prony method cannot recognize all the disturbances. For TLS-ESPRIT, only the 50 Hz component is identified, but the normal 50 Hz component and the 50 Hz sag component are confused. The Prony method has a worse performance. Even the 250 Hz component is not identified. The evaluation accuracies of the recognized components based on these two methods are much lower than the proposed method. 
The multiple disturbance power signal, which consists of 3th harmonic, 5th harmonic and voltage sag with phase jump, is constructed by MATLAB as shown in Equation (20):
The disturbance interval is [321, 1780] . Theabrupt information exists in P 5 as shown in Figure 7 , and the catastrophe points are 321, 465, 743, 1240, 1501 and 1780, respectively. Intervals are divided based on the above points, and the model orders are 4, 6, 6, 4 and 2, respectively. The parameters are extracted from each interval and the results are shown in Table 3 . From the data in Table 3 , it can be seen that the disturbances contain 3th harmonic, 5th harmonic and voltage sag. According to the phase parameter between [466, 743] and [744, 1242] , the voltage sag is accompanied by a 0.1702π rad phase jump. Table 4 lists the relative errors of each parameter for the disturbance described by Equation (20) Figure 8 shows the source disturbance with the reconstructed signals using these three different methods. The reconstructed signal based on the proposed method almost completely coincide with the source disturbance. Figure 8 shows the source disturbance with the reconstructed signals using these three different methods. The reconstructed signal based on the proposed method almost completely coincide with the source disturbance. 
The disturbance interval is [321, 1601] . The abrupt information exists in P5 as shown in Figure 9 , and the catastrophe points are 321, 646, 793, 1438 and 1601, respectively. The orders of the disturbance intervals are 4, 5, 5 and 4, respectively. The parameters are extracted from each interval and the results are shown in Table 5 . The attenuation DC offset and interharmonic can both be accurately identified. The power signal with attenuation DC offset, interharmonic and transient pulse is shown in Equation (21):
The disturbance interval is [321, 1601] . The abrupt information exists in P 5 as shown in Figure 9 , and the catastrophe points are 321, 646, 793, 1438 and 1601, respectively. The orders of the disturbance intervals are 4, 5, 5 and 4, respectively. The parameters are extracted from each interval and the results are shown in Table 5 . The attenuation DC offset and interharmonic can both be accurately identified. 
Attenuation DC Offset + Interharmonic + Pulse
The power signal with attenuation DC offset, interharmonic and transient pulse is shown in Equation (21):
The disturbance interval is [321, 1601] . The abrupt information exists in P5 as shown in Figure 9 , and the catastrophe points are 321, 646, 793, 1438 and 1601, respectively. The orders of the disturbance intervals are 4, 5, 5 and 4, respectively. The parameters are extracted from each interval and the results are shown in Table 5 . The attenuation DC offset and interharmonic can both be accurately identified. The parameters of Table 5 are used to do signal reconstruction and then do subtraction with the original signal. Then difference operator is calculated as shown in Figure 10 . It can be seen that at sample 791, there is still a pulse with an amplitude of 0.4336. The parameters of Table 5 are used to do signal reconstruction and then do subtraction with the original signal. Then difference operator is calculated as shown in Figure 10 . It can be seen that at sample 791, there is still a pulse with an amplitude of 0.4336. Table 6 lists the relative errors of each parameter for disturbance described by Equation (21) using three different methods. The performance difference of TLS-ESPRIT and the proposed method is mainly reflected in DC offset. Figure 11 shows the source disturbance with the reconstructed signals using these three different methods. Table 6 lists the relative errors of each parameter for disturbance described by Equation (21) using three different methods. The performance difference of TLS-ESPRIT and the proposed method is mainly reflected in DC offset. Figure 11 shows the source disturbance with the reconstructed signals using these three different methods. 
Measured Data from IEEE PES Database
Case 1
In order to verify the practicability of the method, the measured data of IEEE PES Database is selected to do verification. The sampling frequency of the measured data is 12.8 kHz. It can be seen from Figure 12 that the disturbance begins at the 456th sample. The disturbance interval is divided into two segments, namely [456, 1140] and [1141, 1536] , respectively. The identified parameters are shown in Table 7 .
It can be observed from the data in the Table 7 that the initial stages of the two disturbance intervals are accompanied by an instantaneous oscillation of more than 2.5 kHz, and the duration of attenuation is extremely short. The original 50 Hz signal has a voltage sag and is accompanied by a frequency offset. It can be seen from the attenuation coefficient and the amplitude parameters of the two intervals that the component is still in a state of constant attenuation, and the other interharmonic components have no obvious features, which does not need to be repeated. Figure 11 . Source signal and the reconstruction of Equation (21) 
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Case 2
47 groups of single PQ events collected in a 220 kV substation are also selected, which are 19 groups of voltage sag, four groups of voltage sag + harmonic, six groups of voltage sag + oscillation, five groups of voltage swell, two groups of voltage swell + harmonic, two groups of flickering, three groups of oscillation, and six groups of harmonics. Due to the fact that the specific components of real world data are not accurately obtained in advance, the relative error cannot be chosen to evaluate the precision. In order to illustrate the effectiveness of the proposed method, SNRrec is used to evaluate the parameter identification results. The comparison with TLS-ESPRIT and Prony is also added and the box plot is drawn as shown in Figure 13 , which could verify the practicability and superiority of the proposed method. 
Conclusions
As TLS-ESPRIT is not good at identifying time-varying sequences, an abrupt information extraction method based on the singular value decomposition of signal's Hankel matrix is proposed in this paper. A hierarchical method of abrupt information layer based on singular value norm is also proposed. According to the catastrophe points identified by this method, the original time-varying signal can be accurately divided into several intervals with stationary characteristics, and the starting and ending time of PQ events are precisely located.
An improved TLS-ESPRIT method based on the sectional treatment and singular value norm is proposed, which has a higher accuracy of combined disturbance identification than traditional method, and its practicality is also verified by the IEEE PES DATABASE measured signals and real-world data.
In addition, the matrix operation in TLS-ESPRIT in this paper is less time consuming because of the subsection processing technology, and the disturbance locating method based on SVD has a low computational complexity. Thus, the efficiency of disturbance identification is greatly improved.
The accurate locating of the disturbance and the accurate identification of the parameters are helpful to reveal the complete process and comprehensive information of the complex disturbance events. They also have important guiding value in analyzing the consequences, finding out the accountability of the incident and controlling power quality pollution, which will be the next step of this research direction.
